Abstract Land use change can greatly alter spatial pattern and overall ecosystem service values (ESV). The goal of this study was to explore the likely effects of land use change on ESV in China. In this paper, the spatially explicit land use changes across China from 2010 to 2020 under the 2000s trend scenario and the planning scenario were projected using the Dyna-CLUE model. The ESV evaluation method was improved by adjusting the ESV coefficients using biomass data to reduce the generalization error of proxy-based method. The results revealed that between 2010 and 2020, total ESV increased by 1798 and 2215 billion RMB a −1 under the 2000s trend scenario and the planning scenario, respectively. The spatial pattern of ESV in 2010 and 2020 presented a logical geographic distribution. The areas with ESV of 50,000 RMB ha −1 a −1 and higher occurred primarily in northeastern and southern China, while the areas with ESV of 5000 RMB ha −1 a −1 and lower were mainly located in northwestern China. The spatial differences between the two scenarios were insignificant except that the increase of ESV in southwestern China was more prominent in the planning scenario than that in the 2000s trend scenario, while the total ESV in 2020 under the planning scenario was larger than that in the 2000s trend scenario. The increase of ESV occurred mainly in northeastern, southern, and southeastern China due to forest growth and woodland expansion in 2020 compared with 2010. The results of this study can provide useful information for the public and land managers to consider.
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Introduction
Land use change is important to environmental management due to its influence on ecosystem services, climate change, and biodiversity (Foley et al. 2005; Newbold et al. 2015; Su et al. 2012) . In fast-growing developing countries, such as China, the rapidly changing land use became increasingly dramatic. Therefore, sustainable trajectories of land use change are of great importance. Understanding the potential impacts of land use changes on ecosystem service values (ESV) may provide information for improving ecosystem services and functions of landscape . The effects of land use change on ecological environment and the value of ecosystem services have attracted the interest of many ecologists and geographers (Baral et al. 2014; Costanza et al. 2014; Fürst et al. 2013; Lawler et al. 2014; Li and Wu 2013; Song et al. 2015; Su et al. 2012) . In general, the methods to estimate ecosystem service values can be broadly divided into two groups: the first is primary data-based method, which is based on primary data from within the study region, and the other is proxy-based method (Eigenbrod et al. 2010 ). The proxy-based method has been widely used, which views land use type as a proxy of ecosystem services, and the variation of ecosystem service values is estimated by analyzing the changes in land use structure. Studies of this category have usually been carried out from the perspective of land use change and its effect on ecosystem services. Many researchers have investigated the ESVs of different ecosystems (TEEB 2010; Bateman et al. 2013 ). Costanza first classified the biosphere into 16 ecosystems and evaluated ESVs for 17 ecosystem service function types (Contanza et al. 1997) . Costanza et al. (2014) revised the value according to their previous study and other related studies. Xie et al. (2008) evaluated the value coefficient of Chinese ecosystem by surveying 700 Chinese ecologists. The coefficients mentioned above have been widely used to assess ecosystem service values of different ecosystems. However, the proxy-based method is criticized for some reasons. The main problem is that it ignores spatial heterogeneity that may exert influence on the process of ecosystem changes, and the ESVs can be different within the same land use type due to variation of physical environment. Moreover, the ESV coefficients may change with time, which has not been considered in many studies. The primary data-based methods directly assess the ESVs using the primary data from within the study region. It can be subdivided further into maps based on representative sampling across the study region and into modeled surfaces based on primary data (Eigenbrod et al. 2010) . The calculation process is relatively complicated, and some models have been developed, such as InVEST, MIMES, ARIES, SoLVES model, etc. The running of these models usually involves many input datasets and numerous parameters. Perhaps the greatest obstacle use the primary data-based method is insufficiency of data for most of the studies, especially for large scale studies, such as those at the national or global scale. Therefore, the primary data-based method is widely used in research at smaller areas or in research that identifies hotspots for ecosystem services (Andrew et al. 2014; Martínez-Harms and Balvanera 2012; Swetnam et al. 2011; Syswerda and Robertson 2014) . It can be concluded that the advantage of primary databased method is high accuracy and the disadvantage the complexity, while the proxy-based method (value transfer method) is relatively easier to operate but the accuracy is usually a challenge. In addition, in some cases, land use changes may increase some ecosystem services but at the expense of others (Lawler et al. 2014) . For example, the increase in woodland could lead to increase in timber production and species conservation, but decrease in food production. Such tradeoff can make it difficult to provide policy advice. Pricing the ecosystem services would allow the comparison of value changes of each ecosystem service in a common monetary metric.
Few studies are available to investigate ESV variations from land use change across China. Particularly, analysis of spatial difference of ESV changes due to land use change across the whole China is still lacking (Wang et al. 2014) . Wang et al. (2014) examined the impact of land use change from the 1980s to 2010 on the ESVs, compared the spatial differences, and optimized land use structure to maximize the total ESVs in 2020. Their results were very useful for land managers. Unfortunately, they failed to estimate the spatial pattern of land use change and ESVs in the future, which may provide useful information for land use planning and the enhancement of ESVs. The CLUE model, a dynamic model to simulate the spatial pattern of land use change, has been successfully used across countries and even continents (Jiang et al. 2015; Verburg and Overmars 2009; Zheng et al. 2015) . It helps explore future land use patterns. Finally, the spatial heterogeneity of ESV changes can be examined based on the simulated land use pattern and ecosystem valuation approach. In this study, we attempt to explore potential impacts of land use change on ESVs. Specifically, the purposes of our study are to (1) predict spatially explicit land use changes across China using Dyna-CLUE model, (2) develop an improved method for estimating ESVs based on value transfer method, and (3) simulate how ESVs change under different land use scenarios.
Study area and data sources

Study area
The territory of China is situated approximately between 18°N and 54°N, and 73°E and 135°E, covering 34 provinces and encompassing an area of approximately 9,600,000 km 2 . The plateau and mountainous regions account for about 60 % of the total land area, while plains account for one fifth, and the rest consists of basins and hills. The climate is dominated by a continental monsoon climate. Seasonal changes and annual variability of temperature and precipitation are significant in most regions of China, which are major factors in the formation of complex and diverse climate as well as topography (Chi et al. 2015) .
Data sources
Our study includes land use data, forest inventory data, climatic and demographic data, socioeconomic data, natural reserve distribution data, development policy data, and ecosystem services value coefficients.
Land use maps of China for 2000, 2005, and 2010 were provided by the Institute of Remote Sensing and Digital Earth, Chinese Academy of Sciences (Liu et al. 2003) . Land use data types were classified into six categories: cropland, grassland, woodland, water area, built-up land, and unused land ( Table 1 ). The grid size of land use data was resampled to 2 × 2 km (4 km 2 ) in this study.
Land use development policy data were provided by the Chinese government (National General Land Use Planning Outline 2008). The market price of agricultural production was obtained from China's statistical yearbook, the food production data from cropland for each province from China's agricultural statistics yearbook, and the forest age data around 2010 from the China's national forest inventory database during 2009-2013. The province-specific biomass densities for woodland, cropland, grassland were obtained from published literature (Fang et al. 1996 (Fang et al. , 1998 Piao et al. 2007 Piao et al. , 2009 ). The physical and socioeconomic datasets used as driving factors for land use location, including elevation, slope, soil texture, temperature, precipitation, traffic, population, gross regional domestic product, and so on have been collected in one of our previous studies , and here, the datasets were directly used. The natural reserve data were collected by our previous study (Fan et al. 2013) .
Methodology
Spatially explicit land use change modeling
The changes in national land use claims mentioned above are spatially allocated using the Dyna-CLUE model based on dynamic simulation of competition between land uses (Verburg and Overmars 2009) . Spatial allocation rules can be specified based on empirical analysis, user-specified decision rules, and neighborhood characteristics. A detailed description of the Dyna-CLUE model is given by Verburg and Overmars (2009) . The actual allocation accounts for constraints defined by the model user based on the processes and constraints relevant to the scenarios and characteristics of land use types (Verburg and Overmars 2009) . The settings and data inputs can be classified into four categories: (1) land use requirements, (2) location suitability, (3) conversion rules, and (4) spatial policies and restrictions.
Land use requirement
Two scenarios of land use change at the national level from 2010 to 2020 are developed in this study: the 2000s trend scenario is developed based on the extrapolation of land use trends from 2000 to 2010; and the planning scenario is projected using land use-related policy objectives. In the planning scenario, spatial patterns of land use change are simulated based on the national development targets of each land use type adopted by the sector administration of the Chinese Government (National General Land Use Planning Outline 2008). Land use requirements for each land use type under the two scenarios are shown in Table 2 .
Location suitability
Location suitability is a major determinant of the competitive advantage of different land use types at a and soil texture), while the second type of changes (e.g., main road distribution, railway distribution, and population) will change in the future, namely dynamic driving factors. The traffic data sets in 2010 and 2020 were taken from the mid-and long-term engineering system planning map of China. The population data sets in the future were derived with the surface modeling of population distribution method (Yue et al. 2005a, b) .
Land use type specific conversion rules
Since land use types have distinctive features that cause differences in conversion behavior, each land use type is characterized with a set of conversion rules and conversion elasticity indices. In this study, the parameterization of the conversion rules and conversion elasticity for each land use types are calibrated based upon a combination of experts' judgment and knowledge of specific conversion processes. Built-up land is allowed to be converted to cultivated land, and cultivated land to built-up land, grassland, and forest. The conversion from built-up land to forest and grassland is not allowed. The grassland is allowed to be converted to built-up land and cultivated land outside the natural reserve. The forest outside the natural reserve is allowed to be converted to built-up land, cultivated land, and grassland. The conversion elasticity implies the reversibility of land use change, which ensures the influence of current land use pattern on the future pattern (McConnell et al. 2004) . The value of the conversion elasticity ranges from 0 (easy conversion) to 1 (irreversible change). In this study, the conversion elasticity values for built-up land, cultivated land, grassland, forest, water area, and others are set to be 1, 0.7, 0.6, 0.9, 1, and 0.3, respectively.
Spatial policies and restrictions
Spatial policies restrict certain land use change in designated areas. In this study, the conversion from grassland, shrub, and forest to built-up and cultivated land is not allowed within the natural reserve areas, suggesting that people cannot disturb the ecosystem in nature preservation zones.
After setting the parameters of the Dyna-CLUE model, the probability for each grid cell was calculated based on location suitability, conversion rules, and conversion elasticity. An iterative procedure was performed until total allocated area of each land use type equaled total land demands specified in the scenarios. Validation of the Dyna-CLUE model was performed. Setting 2000 as the initial year, with historical areas of 2000, 2005, and 2010 for each land use type, the land use pattern of 2010 was simulated by the Dyna-CLUE using the parameters mentioned above. Simulated land use distribution for 2010 was compared with the observed data for 2010 to evaluate the allocation algorithm and the relationships between land use types and driving factors. Kappa coefficient is frequently used for evaluating the prediction performance of the classifiers. However, the kappa coefficient was criticized by some authors recently. It was reported that kappa indices failed to provide useful information because they attempt to compare accuracy to a baseline of randomness, and some kappa indices have fundamental conceptual flaws (Pontius and Millones 2011) . Two measures of quantity disagreement and allocation disagreement prove to be useful to summarize a cross-tabulation matrix than the kappa indices. Therefore, in our study, the 
Assessment of ecosystem service
Assignment of the ESV coefficient Xie et al. (2008) proposed a method to value the ecosystem services in China by surveying more than 700 Chinese ecologists. This method has been widely adopted to calculate ecosystem services in China, which classifies ecosystem services into four categories: supplying services consist of food production and raw material supply; regulating services consist of gas regulation, climate regulation, hydrological regulation, and waste treatment; supporting services consist of soil formation and retention and biodiversity protection; and cultural services consist of recreation and culture (Xie et al. 2008) . The method set the function of food production as standard, with its equivalent ESV coefficient as 1, and coefficients of other functions were equivalent values compared with the standard value of 1 (Table 3 ). The ESVs calculated by Xie et al. (2008) are based on the grain price in 2007. Since the price index has increased rapidly in recent years in China, the ESV per unit was recalculated in this study based on the grain price in 2010 using the method proposed by Wang et al. (2014) . The average natural food production data from cropland per hectare per year and the market price of foodstuffs from 2010 were used to calculate local ESVs (Wang et al. 2014) . The average price for foodstuff was about 2.02 RMB kg −1
, and the average annual food production from cropland between 1985 and 2010 were calculated for each regions based on the provincial data. Calculated ESVs for each land use type in different regions of China were shown in Table 4 .
Adjustment of the ecosystem services values
The ecosystem service value coefficients in Table 3 were the mean values for each land use type. It is well known that the ESV has a good positive correlation with biomass. The biomass varies greatly spatially for the woodland. Therefore, to cope with the effect of heterogeneity on ESV valuation, biomass data were used to adjust ecosystem service values for the woodland.
where P adjusted is the adjusted ESV per unit for each grid cell within the wood land, P 0 is the ESV before adjustment, b represents the biomass of the grid cell, and B is the average biomass per unit of woodland. The distribution of biomass from 2010 to 2020 in China was calculated using the density method based on the future land use patterns and province-specific biomass densities . It is assumed that biomass densities of grassland and cropland within a province are constant. The biomass density of woodland varies with age. Therefore, woodland biomass densities were modified by age based on their empirical relations (Nabuurs et al. 2007 ). The age of woodland in 2010 was obtained from the national forest inventory during 2009-2013, while in the future, they were obtained from the output of Dyna-CLUE model that tracked the year of woodland establishment and clearing.
Results
Change in the spatial structure of land use in China from 2010 to 2020
The simulated and observed land use data of 2010 were compared to validate the performance of the land use model using two parameters: quantity disagreement and allocation disagreement. The quantity disagreement is 0.02 and the allocation disagreement is 0.16, indicating that the Dyna-CLUE model and the parameters can specify the location quiet well. The spatial distributions of six land use types were explained well by selected physical and socioeconomic location factors as indicated by the ROC (receiver operating characteristic) values that indicate the goodnessof-fit of the logistic regression models. High ROC values were found for built-up land (0.976), cropland (0.916), and water area (0.913).
Spatial patterns of land use in 2010 and changes between 2010 and 2020 under the 2000s trend scenario and planning scenario are shown in Fig. 1 both scenarios. The total decreased areas of cropland are 19,956 and 13,135 km 2 for the 2000s trend scenario and the planning scenario, respectively. The loss in cropland is primarily in southwestern and eastern China where urban growth is rapid. In recent years, the government has been taking measures to slow down the loss of cropland to ensure food security. Therefore, some locations would be converted to cropland to make up lost areas due to urban growth. In northeastern China, which is an important agricultural region in China, some abandoned cropland would be recovered in 2020 (Fig. 1a) . The woodland area showed modest increase under the 2000s trend scenario and large increase under the planning scenario, with the increase of 42,708 and 135,842 km 2 under the 2000s trend scenario and the planning scenario, respectively. The forest coverage would be 26.5 % under the planning scenario. The increase of woodland is primarily in the southern China under both scenarios (Fig. 1b) . We project a large decrease in grassland, with a decrease of 6 % under the 2000s trend scenario. The decrease of grassland would happen primarily in the fringe of grassland (Fig. 1c) . While in the planning scenario, the government will take measures to contain fast deterioration of grassland, and the grassland would have a complex pattern of gains and losses. Water area has been obviously diminished in the past decades, and the trend is also obvious under the 2000s trend scenario. Water area protection has attracted the attention of the government. The decline would be slowed down or stopped under the planning scenario. The artificial wetland construction or returning cropland to lake measures would take place in some locations (Fig. 1d) .
Ecosystem service value change analysis
Based on simulated land use data, the ESVs for each land use category in different regions of China (Table 3) , and the biomass data to adjust the ESV coefficients, the ESV map for the future can be produced. First, biomass distribution data were calculated using the biomass density approach taking forest age into consideration. Figure 2 shows the spatial pattern of biomass in 2010 and 2020 under the two scenarios. We can see that the spatial variability in biomass is considerable, so the adjustment of the ESV coefficients based on the biomass data is necessary to better understand the spatial pattern of ESV in China. Table 5 is a summary of the ESV valuation results. We estimated that ecosystems provide RMB 18,766.94, 20,565.52, and 20,981.82 , respectively. Take the planning scenario as an example; the overall ESV increased by 11.8 %, the supplying service value by 13.1 %, the regulating service value by 11.6 %, the supporting service value by 11.6 %, and the cultural service value by 12.1 %.
The ESV values of cropland and grassland in 2020 decreased under both scenarios compared with that in 2010. The ESV value of woodland increased under both scenarios, and the increment is higher under the planning scenario than the 2000s scenario. The ESV value of water area in 2020 increased compared with that in 2010 under the planning scenario while decreased under the 2000s scenario (Table 5) .
The ESV maps in 2010 and the spatial distribution of ESV changes from 2010 to 2020 under the two scenarios were created based on land use data and ESV coefficients (Fig. 3) . These maps reveal more spatially detailed information. The biomass data was applied to produce a more reasonable spatial distribution of ESVs. We found that the ESV map represents a logical geographic distribution. Water area and woodland with high biomass, such as those in northeastern and southwestern China show high ESVs. The lowest ESVs occur primarily in northwestern China, where the land use types are mainly desert, sandy land, and gobi. The southwestern and eastern China covered by grassland and cropland have moderate ESVs. The spatial differences between the two scenarios are insignificant, while the increase of ESV in southwestern China is more prominent under the planning scenario than the 2000s trend scenario (Fig. 3b, c) . The results of the scenario analysis show that land use changes may lead to a continuous increase in the ESV especially in southern China during the years 2010-2020 (Fig. 3d, e) .
Temporal changes of various ecosystem services, namely the supplying service, the regulating service, the supporting service, and the cultural service across the period 2010-2020 under the 2000s trend scenario and the planning scenario for different regions, was evaluated using the ESV of 2010 as the baseline (Fig. 4) . We found that the increase of the ecosystem services value increased largest in mid-south region compared with other regions. One reason is that the expansion of woodland and decrease in grassland were the main changes in the mid-south region. The increases in the east region and southwest region are also significant. The reason is that in the east, southwest, and midsouth region, woodland is the main land use type (Fig. 1) , and the forest age in these regions are young ; thus, the increase of forest biomass is fast, which results in the increase of ESV values.
Discussion
We synergistically combined land use data, biomass distribution data, and ESV coefficients to generate national maps of ESV in 2010 and in 2020 under the 2000s trend scenario and the planning scenario. The result is useful for supporting decision-making during sustainable development at the regional level. To the best of our knowledge, there is still no other study that takes biomass into consideration when estimating ESVs in China. In this study, two land use scenarios were developed, the 2000s trend scenario and the planning scenario. However, the results of these two scenarios are not in opposite directions, and the total ESV values in both scenarios increased during 2010-2020. In late twentieth century, national ecological restoration programs started to be carried out, such as the ecological returning to forest project, the natural forest protection project, and the three north shelter forest projection. As a result, the woodland showed an increase trend between 2000 and 2010. Therefore, in the 2000s trend, the woodland would also increase, but the increased value is relatively smaller than the planning scenario.
Spatial patterns of land use in 2020 under the 2000s trend scenario and the planning scenario were simulated first. Relatively high-to-moderate ROC values were found for forest (0.817) and grassland (0.810). These differences in good-of-fit occurred because built-up land lies in locations with specific characteristics (e.g., high population and high GDP, close to roads, moderate slope), similar to the cropland that forms in area with certain drainage and clay texture conditions. Whereas grassland and forest could be found in altitude zones and represent a wide range of different activities; hence, lower ROC values were received.
The method to adjust the ecosystem service values in this study was based on a hypothesis that the ESV has a good positive correlation with biomass. However, this hypothesis is not always reasonable for all land use types. The species composition, distribution, and diversity, and the human landscape could also have some effects on the ESV except for the biomass. There are considerable uncertainties There is no guarantee that it will work in the future, since it only provides an indication of the validity in the downscaling procedure and the allocation algorithm of the model. Evidences from other studies indicate that the relationship can be stable over one or two decades despite land use changes (Schulp et al. 2008) . Second, the value transfer method used in this study is widely criticized. One of the errors in ecosystem service mapping based on value transfer is associated with the failure to include spatial variability in biophysical measurements of ecosystem services, and the ecosystem service for a particular land cover type is constant across the entire area being mapped (Eigenbrod et al. 2010) . Despite the demerit of value transfer method, currently it is still a useful way to estimate the value of ecosystem services. At the national scale, the collection of primary data is constrained, and the value transfer method can be used to estimate the ecosystem service values with lower expenses than primary survey. The correction and adjustment applying the biomass data in this study could reduce the uncertainties and improve practical accuracy in mapping the ESVs. Third, in line with previous studies (Xie et al. 2008; Wang et al. 2014) , the ecosystem service values of built-up land were assumed to be zero since the ESV coefficients of built-up land are unavailable. However, the built-up land may have negative regulating and supporting service values , and the urban green Fig. 4 Projected changes under the two scenarios (the blue bar for the BAU scenario and the red bar for the planned scenario) relative to 2010 for a supplying services, b regulating services, c supporting services, d cultural services, e total ecosystem services of different regions, and (f) the region boundary. The bars in a-e display the difference between the two scenarios and 2010 is able to provide ecosystem services (Long et al. 2014) . Fourth, market and biophysical forces such as societal preference shift, the development of new technologies, and natural disasters t as well as the ESV coefficient variation cannot be anticipated and taken into consideration in our study. Last but not the least, despite these modeling caveats, the results provide an empirically estimation of the effect of land use change on ecosystem services. Since the primary goal of this study is to explore the effects of land use change rather than to predict future land use, unanticipated events and the defects in method will influence future land use under both scenarios. Therefore, the predictions of the difference between scenarios are less uncertain than the prediction of future condition itself.
Conclusion
In this study, we developed a spatially explicit method to examine the effects of land use change on ecosystem service values by projecting future land use change under the 2000s trend scenario and the planning scenario, and integrating land use change dynamic model and ecosystem service valuation methods. We found that in 2010, the ESV could be estimated at RMB 18,766.94 billion in China, and approximately 60 % of the ESV is contributed by woodland. Focus should be in the value of forest ecosystems. The ESV values in 2020 increased 1798 billion Yuan RMB a −1 under the 2000s trend scenario and 2215 billion Yuan RMB a −1 under the planning scenario compared with 2010. We found that the adjusted ESV map by biomass presented a logical national geographic distribution. The high ESVs occurred primarily in northeastern and southern China, while the places with ESV value lower than 5000 RMB ha −1 a −1 were located in the northwestern China.
The increase of ESV mainly occurred in southern China where the forest coverage was high. We hope that the results of this study can serve as an alternative tool for assessing sustainability and green GDP. Theoretically, the ESV maps with spatial information can provide more information and support than simply a national accounting spreadsheet. Practically, this easily used method for simulating ESV spatially can help avoid or mitigate negative impact on ecosystems, and the study can be a reference for national institutions and programs, such as the land use planning department and national ecological projects.
